Abstract. Automated recognition of human activity states has many advantages, e.g., applications in the smart home environment for the monitoring of physical activity levels, detection of accidental falls in the older adults in the home environment or assessment of the recovery phase of patients living independently at home. In this paper, we describe an accelerometer-based system to recognize three activity states, e.g., steady state gait or walking, sitting and simulated sudden accidental falls. The recorded 3D movement accelerations of the trunk were processed using wavelets, and the features were extracted for recognition of movement states through the use of a fuzzy inference system. The system was trained and tested using 58 different data segments representing the three states. Cross-validation test results indicated an overall recognition accuracy by the machine classifier to be 89.7% with an ROC area of 0.83. The results suggest good potential for the system to be applied for various situations involving activity monitoring as well as gait and posture recognition. Further tests are required using various population groups.
Introduction
Falls in older people during locomotion is a major public health issue, as it leads to injuries, hospitalization and a significant cost to the community. In Australia, falls related injury costs have been estimated to be A$2.4 billions per annum [1] . Researchers around the globe are investigating this subject using various techniques. One methodology involves gait analysis in a laboratory environment to identify the significant changes in gait that occur due to ageing. Some of these changes may be important in the understanding of why people fall and this information may also help us to devise techniques for the prevention of falls. Automated monitoring of gait and posture of an individual within the home environment has recently received significant attention. The main advantage of such monitoring is to identify people at risk of falls and also to assess their overall well-being. For example, such technique could be used for checking the healthy life style of patients recovering at home or to monitor the health risk of an older person living independently at home. In order for a system to be effective in such applications, the system has to be robust enough to differenti-ate between the various events and activities such as walking, sitting, resting, or accidental falls. In this paper, we attempt to develop an automated system that could be applied to distinguish such sequences of events.
In the past, a number of studies have used accelerometer technology to automate the monitoring of daily activities of humans such as walking, sitting, standing, climbing stairs, walking velocity, etc, classified and recognized by analyzing the various frequency components of the acceleration signals [2] [3] . To acquire the useful knowledge from the raw dataset, wavelet analysis was extensively used in some of studies [4] [5] [6] .
To automate recognition of activities from either pre-processed raw data, various techniques and classifiers have been proposed in several studies, such as Fractal estimation [4] , Neural Networks [3, 7] . However, these techniques have their own merits and limitations, which depend on the dataset. In our previous work [8] , we have successfully applied fuzzy rules to recognize gait changes due to trip-related falls in a laboratory environment. In this study, we apply fuzzy classifier to recognize the daily activities in a home environment.
Methods
In this study, data were collected from a simulated home environment. A triaxial accelerometer unit (giving acceleration information in horizontal, vertical and lateral positions) was placed on a subject's body to collect movement data. Acceleration data were pre-processed using wavelet technique and classified using a set of fuzzy rules.
Description of the System
A schematic diagram of the experimental setup is shown in Figure 1 . This measurement system consisted of a Crossbow ±4G triaxial accelerometer unit, a National Instruments 6013 16-bit PCI analog to digital converter interface card, a Labview 7.0 data acquisition program [http://www.ni.com/labview/] and a personal computer. The accelerometer unit was attached to the upper body (trunk) of the subject. A breakout board was used to connect the accelerometer with the analog to digital converter card such that data could be acquired by the computer. The physical data was digitized using the 16-bit analogue-to-digital (A/D) converter and the LabView program captured and recorded the data signal onto the PC harddrive. In this study, data were collected and digitized at 100 Hz (100 bits/sec) sampling rate.
The experiments were set up in a room of size 3.5m by 3.5m Various items of furniture (chairs, tables, etc) were arranged to mimic an actual home environment. For the purpose of data collection, each subject entered into the room through the only door of the room and walked to the chair, sat on the chair, typed something using the PC keyboard, sometimes suddenly fell (simulated falling) onto the ground and consequently stood up. The experiments were performed on healthy subjects with no known gait problems.
Feature Extraction

2.2.1
Wavelets and Transformations Wavelet functions as defined by [15] , are constructed from translations and dilations of a single function called the "mother wavelet"
where, the scaling parameter 'a' represents the degree of compression (its value is linked to the frequency of the wavelet), and the translation parameter 'b' represents time location of the wavelet. Higher wavelet frequencies are indicated using 'a' <1, whereas lower frequencies are represented when 'a'>1.
A discrete wavelet transformation of a signal ) (x f can be represented using the following equations
In equations (2), (3) and (4), 'j' stands for the dilation index, 'k' represents the index in time, 'J' is the depth of the decomposition level and '*' symbolizes complex conjugation [4] . The scaling function coefficient φ gives the average value of the signal over the given interval, which is used to calculate the approximation coefficients. The details coefficients obtained using equation 3 keeps the high frequency information while the approximation coefficients in each level contain the low frequency information.
The details coefficients were used in this study to obtain the frequency of a signal in a specific time period. To detect the frequency of a function representing a fixed length signal (length of signal was selected to be 1 second in this research), a wavelet decomposition followed by a translation of scale to frequency was computed. First, the signal was decomposed using wavelets of up to 'n' labels and then the energy of the details coefficients for each of the levels was obtained. The scale value ( m a ) related to the maximum energy from the set of energy values was then taken into consideration to dig out the original frequency of the signal. Next step was to find out the frequency of a wavelet for the corresponding scale.
Translation from Scale to Frequency
As the frequencies in a signal predominate the scales chosen in wavelet decomposition, by analyzing the relationships between the scale and frequency the pseudofrequency of the signal can be obtained. Following the methodology outlined in [16] , the pseudo-frequency of a wavelet corresponding to a scale was computed. In doing so, first the center frequency F c of the wavelet was computed by the following equation [10] : 
(5)
Using this method, the frequency calculated at scale ' m a ' became the pseudofrequency of the signal. The next step in the recognition system was the inclusion of the fuzzy classifier for the identification of different activities (e.g., walking, sitting or simulated falls) of the subjects using the calculated frequency information of the acquired signals.
Fuzzy Classifier
Fuzzy logic provides a framework for modeling uncertainty, human way of thinking, reasoning and the perception process, and has been found to be very useful in expressing the nonlinear relationships among the inputs and outputs [11] [12] [13] . Conditional statements such as 'if-then' are the linguistic representation of fuzzy rules. Recently, we have applied fuzzy rules to classify gait patterns of healthy adults and adults with balance problems and the gait classification accuracy was found to be over 89% [8] . Here, we propose to apply fuzzy rules to classify movement states using features translated into the various wavelet coefficients.
With our present study, we don't have any prior knowledge about the rules relating to the subject's movement data. So defining rules for these dataset is a problem. However, there are techniques to identify a reasonable number of rules from a given data-set in order to establish a fuzzy system. For example, Chiu [14] has developed a technique based on subtractive clustering to extract rules. This technique has been tested in gait pattern classification for rule generation [8] , and was also applied in this research .
Simulated falls event detection
In order to detect the occurrence of sudden/accidental falls, a signal of a fixed time interval (1 second) was considered. During such events, the movement frequency is expected to be momentarily high. To identify whether there was any instantaneous increase in frequency, the details coefficient coeff D values for the signal were analyzed. As the wavelet transformation provides both the frequency and time information, any sudden increase in frequency can be monitored by studying the details coefficients. 
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In this study, details coefficient at level 3 (D3) was found to be the most suitable for the problem, especially in the vertical direction.
Falls
Results
We tested the proposed wavelet-fuzzy method using data related to the 60 state changes (change from one state to another state). As mentioned above, three types of body states were considered: sitting, walking and a sudden simulated fall on the ground). A change in state might take place according to one of the following sequences:
Walking, Sitting, Walking…. Walking, Sudden fall, Standing up and Walking again…. Sitting, Walking… Figure 3 (a-c) shows typical raw acceleration signal recorded during movement representing the various states in the horizontal anterior-posterior, medio-lateral and vertical axes respectively. Figure 4 plots the computed detailed coefficients using equation (3) for a mother coifflet wavelet (at levels 1 to 9) of the acceleration signal displayed in figure 3(a) .
For this data, 'coifflet' wavelet was found to be suitable for calculating the pseudofrequency of the acceleration signals as well as to identify the instantaneous increase in the frequency. During walking task, the major frequency component was close to 4.0 Hz while that for the sitting posture on a chair or on the ground was found to be ~0.14 Hz. There were slight variations in the frequencies along the three axes as can be seen in Figure 5 . Therefore, information from more than one source is necessary for correct recognition, and in this case, all three acceleration signals from the triaxial accelerometer were used for training and testing the fuzzy classifier. Fig. 4 . The details coefficients (d1 to d9) at levels 1-9 of the signal in figure 3(a) . Classifier's performance was tested using a four-fold cross validation test. Table 1 illustrates the overall result suggesting an overall accuracy of 89.7% in differentiating walking and sitting. This accuracy is also reflected in the ROC curves that recorded a high area (0.83) (see Figure 6 ). However, the recognition accuracy for all the simulated falls was found to be 100%.
ROC Curve for movement recognition 
Discussions and Conclusion
Human movement behavior and the associated body positions change continually in reaction to the demands of the environment in which we move. Accordingly, the signal collected for a specific action of the subject was not the same all the time. It might be a difficult task to recognize the subject's current activity with only the application of simple thresholds. Classifying different activities with the application of sensor data on the same ground level (where the value of 'g' is constant) makes the problem more challenging. Most of the previous tasks related to activity identification and classification dealt with movements in different levels (e.g., walking downstairs i.e., 'moving with g' or walking upstairs i.e., 'moving against g') [4] [5] [6] . In this study, as the value of 'g' remained fixed throughout the experiment, movement task differences were reflected only in the acceleration frequencies (see figure 5) .
It was observed that signals collected from only one axis could identify some of the activities at times but not always. With the use of 3D accelerations the system was found to identify and recognize the subject's activities more robustly. Moreover, being random in characteristics, fuzzy systems were found particularly suitable for analyzing the in-depth information in the recorded signals. However, for detecting accidental falls event, a threshold level detector might be suitable due to its sudden increase in frequency level.
